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Abstract 
This research investigates forecast skill in predicting the onset and severity of drought in 
the Susquehanna River Basin.  Streamflow forecasts developed by the National Oceanic and 
Atmospheric Administration’s (NOAA’s) Mid-Atlantic River Forecast Center (MARFC) are 
incorporated with other key drought indices in an aggregate drought index to predict and classify 
drought severity and to trigger drought mitigation actions.  Climate drought index parameters for 
the Susquehanna River Basin, such as the Standardized Precipitation Index (SPI), Days of 
Storage Remaining Index (DSR), and Palmer Drought Severity Index (PDSI), are evaluated by 
their ability to detect water supply droughts of record.  Drought indicators and streamflow 
forecasts are evaluated in the Drought Action Response Tool (DART), a systems model created 
specifically for this research.  The value of drought indices constructed by combining system and 
climate status parameters with streamflow forecasts is demonstrated through a case study on the 
City of Baltimore water supply.  Early warning skill improves using the aggregate indices, 
providing two advantages to the systems under study:  1) maintaining higher reservoir storage in 
Baltimore’s system that results in improved water quality and 2) Baltimore’s peak water 
demands from the Susquehanna River will decrease during low-flow conditions with improved 
timing to supplemental usage during drought conditions.  A drought measure, Days of Supply 
Remaining (DSR), constructed from MARFC forecasts with reservoir storage and demand 
estimations is recommended for incorporation into the City of Baltimore’s Drought Management 
Plan, to facilitate proactive drought response and increased system performance. 
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1.0 Problem Statement 
Drought management in the United States has never been more important.  Recent major, 
multi-year droughts in California, Arizona, New Mexico and Texas have illustrated extreme 
stresses on municipal water supply systems (Pincetl and Hogue, 2015; Jiang et.al., 2015; Sherson 
and Rice, 2015; and Clark, 2015).  In “water-poor” regions, drought management is an accepted, 
constant concern.  In contrast, water suppliers in “water-rich” regions, such as the Northeast, 
Pacific Northwest, and Mid-Atlantic U.S., deal with drought on a less-frequent basis but 
experience significant impacts from droughts as well (Seager et.al., 2012; Kauffman and Vonck, 
2011).  Decreasing water demands from improvements in appliance efficiency and leak 
management programs have further solidified water supplier’s confidence in the reliability of 
existing supplies (Licata and Kenniff, 2014).  The perceived safety could lead to delayed 
identification of developing threats to water supplies and reduced efficacy of mitigation efforts. 
The threat of climate change and potential impacts on the length and severity of droughts 
has been noted frequently in the literature and media (Trenberth et.al, 2014; Peterson et.al, 2013; 
Wuebbles et.al, 2014; Schmidt et.al, 2013).  For example, evidence points to increasing drought 
risk in California from global warming associated with anthropogenic sources (Diffenbaugh 
et.al, 2015).  The anticipated effects of climate change vary widely based on the climate change 
projection studied and geographic location of the water supplier (Lettenmaier et.al., 1999); 
however, water managers in water-rich and water-poor regions alike should not rely on the 
recurrence and persistence of historic weather patterns to guide water supply management, 
especially for extreme events at the tails of historical distributions (Milly et.al., 2007).   
Effective drought management policies are needed to manage water resources during 
extreme events.  Because urban zones where high concentrations of humans are gathered are 
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particularly vulnerable to drought, these policies should reflect both the evolving values and 
future needs of our ever-changing urban areas.  There is a distinct need to evaluate traditional 
drought indicators and management responses, as well as to develop new indices that incorporate 
modern forecasting techniques.  Specifically, the recent development of streamflow forecast 
products has established a unique opportunity to create new, innovative solutions that will bring 
drought management into the 21
st
 century.   
The questions addressed in this research focus on defining drought, evaluating 
streamflow forecasts, and determining performance metrics.  A proper definition of drought is an 
important first step in creating drought mitigation plans.  System management and performance 
can be greatly impacted by the drought metric chosen and how management response is 
informed by that metric.  This research focuses on our ability to advance a performance-based 
framework focused on identifying and managing urban droughts, as opposed to relying on a 
statistically-based index traditionally used in identifying meteorological droughts. 
Meteorological droughts have limited relevance to the performance of urban water systems, as 
described in the subsequent section. Additionally, the benefits of incorporating streamflow 
forecasts into drought management policies require thorough investigation.  The associated skill 
of the forecasts, and managers’ confidence in relying on the forecasts, needs to be evaluated to 
demonstrate whether these forecasts should be implemented widely.  Finally, the performance 
metrics used to compare drought indices and management actions should be carefully evaluated 
to accurately describe research impacts and illustrate potential improvements.  
This research lies at the nexus of technology, research, and management.  The decision 
support tool developed in this research is intended to aid the management of the Baltimore water 
supply by integrating streamflow forecasts, a sophisticated simulation model, and the co-
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generated knowledge gained through the engagement of water supply managers.  The study’s 
goal is to integrate drought research and management using state-of-the-art technologies.  The 
case study results and framework may be incorporated and expanded upon to update the field of 
drought management.  
2.0 Introduction 
2.1 Traditional Drought Management 
Best described as a “creeping phenomenon,” drought is often difficult to identify the 
onset of in real time or to predict its conclusion.  There exist four basic types of drought: 
meteorological, the absence or reduction of precipitation; hydrologic, a reduction in streamflows 
and water supply storage levels; agricultural, related to soil moisture; and socioeconomic, which 
defines an imbalance between water supplies and demand (Heim, 2002).  Although it is difficult 
to differentiate between hydrologic and socioeconomic drought, the latter is a major concern for 
water suppliers.  For most water supply systems, the streamflows and their relationship to water 
supply security and reliability is directly impacted by a complex engineered system composed of 
dams and reservoirs, water treatment and distribution systems, state and municipal constraints 
(e.g. instream flow requirements) and, in some cases, groundwater availability.  When 
abnormally low precipitation levels and low streamflow conditions persist, water managers must 
take action to ensure adequate water supply for consumers.  The accurate identification of 
drought conditions and prediction of drought onset and severity may provide water managers 
useful information for activating management response (Smith et. al, 1986).  Management may 
be aided with the use of a decision support tool that simulates long-term planning with mid-range 
predictions (Alemu et.al, 2010 and Weiss et.al, 2013).  
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 Many researchers have addressed the identification, prediction, and management of 
drought.  The most well-known drought index is the Palmer Drought Severity Index (PDSI).  
Developed in the early 1960s, PDSI quantifies and compares agricultural drought conditions 
both spatially and temporally.  The Palmer Hydrological Drought Index (PHDI) was developed 
alongside PDSI to account for the lag between precipitation and hydrologic drought conditions 
(Palmer, 1965). Coinciding with the severe 1960’s drought that impacted much of the eastern 
United States (Namias, 1966), PDSI was initially developed using data from arid and semi-arid 
regions and is limited by its intended usage and the assumptions used to develop the index 
(Heim, 2002).  PDSI and PHDI are useful for large-scale historical analyses of drought 
conditions; however, neither account for surface water supplies, making it less useful for water 
supply managers.  In the 1990s, the National Weather Service (NWS) created a modification of 
the Palmer Drought Index for real-time index calculation, commonly referred to as the Palmer 
Modified Drought Index (PMDI).  PMDI uses historic probabilities to determine whether a dry 
or wet spell has ended instead of the back-stepping procedure used in calculating PDSI and 
PHDI (Heddinghaus and Sabol, 1991). 
Other indicators have been developed using statistically-based performance measures of 
drought, including the Standardized Precipitation Index (SPI), which uses normalized 
precipitation anomalies to quantify drought severity (McKee, 1993). These indices alone may not 
capture the severity of hydrologic drought and are difficult to translate into actionable drought 
mitigation responses.  To address this issue, the U.S. Drought Monitor was developed in 1999. 
The U.S. Drought Monitor consolidates information provided by various drought indices, 
including PDSI and SPI, with locally reported conditions into a map updated weekly that 
illustrates drought status and extent throughout the United States (Svoboda, 2002).  The Drought 
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Monitor is useful for many applications but is spatially coarse, does not predict future conditions, 
and does not link management actions to drought severity. 
2.2 Drought Indicators, Triggers, and Actions 
A common management strategy is to identify drought indicators, associate triggers, and 
determine mitigation actions that respond to these indicators and triggers (Steinemann and 
Cavalcanti, 2006; Fisher and Palmer, 1997; Shih and ReVelle, 1994).  A drought indicator is a 
variable that describes the state of the system, such as reservoir storage and SPI.  A drought 
trigger is a value of the indicator at which drought actions are initiated.  A drought action is the 
operational response chosen to mitigate drought impacts.  Drought indicators, triggers, and 
actions are identified before drought conditions develop to help guide decision making.  For 
example, a water manager might decide to use reservoir storage as the main indicator of drought 
status with 70%, 60%, and 50% levels of total storage capacity corresponding to drought watch, 
warning, and emergency levels. 
2.3 Susquehanna River Basin and City of Baltimore Water Supply 
This research focuses on managing droughts in the Susquehanna River Basin with a case 
study on the surface water supply system of the City of Baltimore.  The Susquehanna River 
Basin is a 27,500 square mile watershed that extends through New York, Pennsylvania, and 
Maryland (Figure 1).  The Susquehanna River serves as the primary water supply and emergency 
drought supply for more than 4 million consumers.  The river also serves as a major source for 
hydropower and agricultural uses in the region.  The Susquehanna River Basin Commission 
(SRBC) was formed in 1970 to coordinate efforts of the states of New York, Pennsylvania, and 
Maryland, and the federal government pertaining to the allocation and management of the 
Susquehanna River, as well as to coordinate drought management between the three states.  The 
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SRBC currently monitors five major indicators for consideration in declaring drought levels: 
precipitation, streamflow, groundwater, PDSI, and reservoir storages. 
 
Figure 1: Susquehanna River Basin 
Baltimore’s water supply system is managed by the Water and Wastewater Bureau of 
City of Baltimore Department of Public Works (DPW).  The supply watersheds for the 
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Baltimore system are located to the south of the Susquehanna River Basin and northwest of the 
City of Baltimore.  The City of Baltimore maintains an intertie to the Susquehanna River at 
Conowingo Pond for use during drought emergencies.  Three major surface supply reservoirs 
serve Baltimore:  Prettyboy Reservoir (with a drainage area of 80 square miles and an active 
storage of 19 billion gallons), Loch Raven Reservoir (with a drainage area of 223 square miles 
and an active storage of 23 billion gallons), and Liberty Reservoir (with a drainage area of 163 
square miles and an active storage of 43 billion gallons).  In total, the contributing watersheds are 
approximately 467 square miles and the system has 76 billion gallons of available storage. The 
three Baltimore surface reservoirs serve as the main source of water supply to 2 million 
consumers within the city limits and in surrounding counties (Reimer, 2000).  The average water 
demand is 225 million gallons per day (MGD), with seasonal variability.  Average precipitation 
for the City of Baltimore is fairly uniform (Figure 2) and snow pack does not contribute a 
significant volume of water.   
 
Figure 2: Annual Monthly Precipitation, 1930 - 2014 
During years with normal precipitation, the system consistently and reliably meets water 
demands using system inflows and storages from the three reservoirs; however, the City of 
Baltimore has maintained the management option of extracting up to 120 MGD from the 
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Susquehanna River for supplemental supply.  The supplemental water is taken at the Deer Creek 
Pumping station from the Susquehanna River north of Aberdeen near the Pennsylvania State 
line. The water travels to the Montebello Filtration Plants via a 38-mile conduit.  Historically, 
water is drafted from Conowingo Pond only under extreme drought conditions when the 
Baltimore reservoirs have been drawn down significantly, such as the 2002 East Coast drought 
(Howells, 2015).  Baltimore City extracts water only when necessary due to the costs associated 
with pumping and treatment, as well as fees paid to Exelon Corporation.  Currently, the City of 
Baltimore monitors reservoir elevations and the SRBC drought status declarations when 
considering enacting drought mitigation operations.  
Reliable, early predictions of drought will benefit the City of Baltimore by allowing for 
the prompt initiation of drought mitigation actions (such as voluntary and mandatory 
curtailments) or supplemental pumping from Conowingo Pond.  The benefit of water 
curtailments accumulates over time and can be a useful management strategy if implemented 
early in a drought.  Both Baltimore and the SRBC water managers have expressed interest in 
supplementing Baltimore’s water supply from the Susquehanna earlier in drought events so that 
higher reservoir elevations can be maintained throughout the duration of the droughts, increasing 
the City’s supply reliability during challenging conditions.  This management option could 
potentially allow Baltimore to limit water withdrawals and reduce demand from Conowingo 
during critical low flow periods, which benefits SRBC by reducing demand at that location.  
Water treatment costs for Baltimore could be managed by using smaller proportions of the 
typically lower quality Susquehanna water as conditions improve.  
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2.4 Streamflow Forecasts 
 In 1997, the National Oceanic and Atmospheric Administration (NOAA) Advanced 
Hydrologic Prediction Service (AHPS) program began to synthesize hydrologic, meteorologic, 
and climatologic science into products delivered by the River Forecast Centers in an effort to 
produce useful hydrologic forecast services consistently across the United States (McEnery, 
2005).  In this research, the Mid-Atlantic River Forecast Center (MARFC) generated preliminary 
90-day streamflow ensembles using the Hydrologic Ensemble Forecast Service (HEFS) for a 10-
year period on a 5-day update frequency.  HEFS is a new “end-to-end” forecast system that 
integrates short-, medium-, and long-term input forecasts with bias-correcting processors and 
explicit uncertainty estimations (Seo et.al, 2010).  The HEFS process captures the range of 
uncertainty inherent in both atmospheric and hydrologic predictions by providing ensemble 
predictions (Demargne, 2014).  Streamflow “reforecasts,” or forecasts generated using the HEFS 
procedure to represent the forecasts that “would have been” generated for past events, were 
evaluated as indicators in the simulation model.   
Unfortunately, at the time of this study no reforecast products were available for streams 
within the Baltimore watersheds.  Instead, existing reforecast datasets were provided to the 
research team using three different forecast methods for the Lancaster, PA, U.S. Geological 
Survey (USGS) stream gage location (approximately 50 miles northwest of the Baltimore supple 
reservoirs).  The hydrologic and forecast models for the Lancaster location had been developed 
prior to this study.  Thus, the site was selected due to timeliness and proximity to the Baltimore 
supply watershed.   
The three forecast ensemble scenarios used in this study include: 1) Ensemble 
Streamflow Prediction (ESP), 2) Climate Forecast System version 2 (CFSv2), and 3) Global 
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Ensemble Forecast System (GEFS).  The ESP method produces forecasts through a physically 
based hydrologic model that simulates soil moisture, snow pack, regulation, and streamflow.  
The inputs for the ESP method include resampled climatology from 1961-1997, the initial state 
of the basin, and meteorological conditions (Day, 1985).  In 2004, the National Centers for 
Environmental Prediction (NCEP) began operating the initial version of the Climate Forecast 
System, a fully-coupled atmosphere-ocean-land model for seasonal prediction at a quasi-global 
scale using historic forcings (Saha et.al, 2006).  Version 2 of the Climate Forecast System, the 
version used in this study, was implemented in 2011.  The GEFS dataset uses a deterministic 
model for the first 15 days and CFSv2 forecasts for the rest of the forecast interval (Hamill et.al, 
2013).  
The CFSv2 and GEFS forecasts were downscaled and bias corrected using the 
Meteorological Ensemble Forecast Processor (MEFP) developed by NOAA (Demargne et.al, 
2014).  The CFSv2, GEFS, and ESP ensembles were additionally bias-corrected using the 
Ensemble Post-Processor.  The streamflow forecasts may prove a valuable tool for expanding the 
known hydrologic variability record beyond historic observations and may become more 
beneficial under climate change (Brown, 2010). 
The reforecast products were scaled to represent the estimated total flow to the Baltimore 
water supply system (the sum of the inflow records of the three surface supply reservoirs 
constructed by Hazen & Sawyer, discussed in more detail in Section 3.1).  Summary statistics 
comparing the overlapping datasets between the total Baltimore inflows and Lancaster observed 
records are provided in Table 1.  The location of the Baltimore inflows and Lancaster gage are 
provided in Figure 3. 
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Figure 3: Baltimore Reservoir Inflow Record and Lancaster Stations 
Daily Lancaster observed streamflows (USGS gage number 01576500) and total 
Baltimore inflows exhibit a high correlation coefficient of 0.62 during the period from 4/1/1933 
to 12/31/2014, indicating that a scaling method is appropriate.  The high correlation between the 
two basins is expected due to the close proximity and similarities in climatology, and 
topography.  
 
 
 
 
 
 
Lancaster 
 
Prettyboy 
 
Loch Raven 
 
Liberty 
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Table 1: Summary Statistics Comparing Total Baltimore Inflows and Observed Lancaster 
Streamflows (USGS Site Number 01576500) 
Variable Baltimore (OASIS) Lancaster 
Drainage Area (square miles) 466.41 324 
Mean 360 274 
Standard Deviation 440 411 
Skewness 9.18 21.48 
Kurtosis 167 1193 
Correlation Coefficient 0.62 
 
Three different scaling methods were investigated for this research: the Drainage Area 
Method, MOVE.1, and MOVE.3.  In the first method, streamflows from a reference station are 
scaled to the location of interest using the ratio of the watershed drainage areas: 
𝑄𝐵 = 𝑄𝐴(
𝐴𝐵
𝐴𝐿
) 
where QB are the estimated flows for the Baltimore system, QL are the forecast flows for 
Lancaster, AB is the total drainage area for the Baltimore supply watersheds (467 square miles) 
and AL is the drainage area for the Lancaster gage (324 square miles).  The Drainage Area 
Method is commonly used in cases where little data is available or regional statistics and 
precipitation-runoff models have not been developed (Emerson et.al, 2005).   
The MOVE.1 and MOVE.3 methods employ the “maintenance of variance” regression 
methods developed by Hirsch (1984) and Vogel and Stedinger (1985).  The MOVE.1 and 
MOVE.3 methods were chosen because of their inclusion in the USGS Streamflow Record 
Extension Facilitator (SREF) tool, which was used to calculate the regression equations for this 
13 
 
research (Granato, 2009).  In the MOVE.1 method, sample mean and variance are maintained in 
the record extension using the equation: 
?̂?(𝑖) = 𝑚(𝑦1) +
𝑆(𝑦1)
𝑆(𝑥1)
(𝑥(𝑖) − 𝑚(𝑥1)) 
where 𝑥 is the reference station streamflow record (Lancaster inflows),  𝑦1 is the overlapping 
record for the station of interest (Baltimore inflows), ?̂?(𝑖) is the scaled streamflow, 𝑚(𝑦1) is the 
mean of the reference streamflow record, 𝑚(𝑥1) is the mean of the overlapping record, and  
𝑆(𝑦1) and 𝑆(𝑥1)  are the standard deviations of the reference and overlapping records (Hirsch, 
1984).  In the MOVE.3 method, the sample mean and variance are estimated using Matalas-
Jacobs estimators (Matalas and Jacobs, 1964).  
The three methods were compared by R-Squared value, Nash-Sutcliffe Efficiency (NSE), 
and Volumetric Efficiency (VE).  The R-Squared value is the standard statistical measure of the 
goodness of fit using a regression line.  The NSE metric evaluates the predictive power of 
hydrological models and is calculated using the equation: 
𝑁𝑆𝐸 = 1 −  
∑ (𝑄0
𝑡 − 𝑄𝑚
𝑡 )2𝑇𝑡=1
∑ (𝑄0
𝑡 − 𝑄0̅̅ ̅)2
𝑇
𝑡=1
 
where Q0  is the observed discharge, 𝑄0̅̅ ̅  is the mean of observed discharges,  Qm is the modeled 
discharge, and Q0
t
 is the observed discharge at time t (Nash and Sutcliffe, 1970).  NSE values 
equal to 1 indicate a perfect prediction, values greater than 0 indicate that the model works better 
than an average value, and values less than 0 indicate that the model has poor predictive power.  
NSE is a commonly used metric but is skewed by larger observations (Krause et.al, 2005).   
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Developed as a metric that isn’t skewed by larger observations, VE measures the fraction 
of modeled streamflow versus the observed streamflow on a specified time step (Criss and 
Winston, 2008).  VE is calculated using the equation: 
𝑉𝐸 = 1 − 
∑ |𝑄𝑚 − 𝑄0|
𝑁
𝑖=1
∑ 𝑄𝑜
𝑁
𝑖=1
 
where again Q0  is the observed discharge, and  Qm is the modeled discharge.  Similar to NSE, 
VE values equal to 1 indicate perfect predictions and values greater than 0.60 – 0.70 indicate 
good fit.   VE may provide a better estimation of model fit because the difference in streamflow 
estimations and observations are given equal weight for all magnitudes of flow; however, VE is 
not as commonly used in the literature as NSE.  
 
 
Figure 4: R-Squared Values between Total Baltimore Inflows and Scaled Lancaster Flows 
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Figure 5: Nash-Sutcliffe Efficiency (NSE) between Total Baltimore Inflows and Scaled 
Lancaster Flows 
 
Figure 6: Volumetric Efficiency (VE) between Total Baltimore Inflows and Scaled 
Lancaster Flows 
16 
 
Of the three scaling methods, MOVE.1 provided consistently high results for R-squared, 
NSE, and VE over all time steps (Figures 4-6).  The NSE values are lower than commonly 
reported in the literature as a “good” fit (0.6 or higher), which may be the result of the methods 
used when creating the Baltimore inflows.  The MOVE.1 method was considered adequate for 
the purpose of this research and was selected for the scaling method; additional analyses are 
being performed to investigate quantile mapping for daily operations and in future work. 
3.0 Methodology 
3.1 Experimental Design 
This research investigates methods to support drought management for the City of 
Baltimore.  The ultimate goal is to provide Baltimore water managers with a range of 
management actions, when they should be implemented, and their expected impacts.  For the 
City of Baltimore, the timing of drought mitigation actions has a large impact on the efficacy of 
mitigation actions.  This effect is particularly notable with voluntary curtailments, which are 
most effective when initiated in the early stages of drought and have been proven acceptable to 
the public when necessary.  This research demonstrates the value of using an “aggregate drought 
index” to aid in the timing of drought mitigation actions, similar to methods common in current 
drought literature (Keyantash and Dracup, 2004; Steinmann et.al, 2006; Hao and AghaKouchak, 
2013).  An aggregate drought index integrates several drought indices and system status 
parameters into one combined value.  The proposed aggregate drought index combines 
traditional indicators with state-of-the-art streamflow forecasts.  
In this research, drought indicators are defined, action triggers are associated with each 
indicator, and management actions are initiated in response to a triggered indicator.  Traditional 
drought indicators and streamflow forecasts were screened in various combinations to guide the 
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composition of the proposed aggregate drought index, which is discussed in detail in Section 5.3.  
Additional analyses were performed to calculate performance objective tradeoffs and to evaluate 
the impacts of operating schemes on overall system reliability.   
The aggregate drought indices and operating policies were evaluated using the Drought 
Action Response Tool (DART).  DART was developed by the author specifically for this 
research using STELLA
®
, an object-oriented systems modelling software, in close collaboration 
with Baltimore water managers.  The involvement of Baltimore water managers throughout 
model development ensures that the model accurately captures essential components of the 
system and operational behaviors, develops confidence and trust in the product, and increases 
user assurance in model results (Stern, 1999; Jacobs, 2005).  DART simulates reservoir storages, 
emergency supply pumping rates, and mitigation actions triggered by the various aggregate 
drought indices using a reconstructed streamflow record from January 1930 to December 2014 
on a daily time step.  The streamflow record was developed by consultants at Hazen & Sawyer 
using best available data.  Inflows prior to December 1, 2000 were provided by the City of 
Baltimore and extended through September 2001 using the USGS fillin program.  Inflows 
through 2014 were constructed using observed USGS streamflow data when available and scaled 
flows from USGS gage 01580000 when observations were not available.  The inflows were 
verified by Hazen & Sawyer using a Double Mass Analysis to ensure consistency throughout the 
reconstructed streamflows.  A detailed list of the data used in DART and source information is 
included in Appendix A.  
Reservoir operation rules that reflect current operations were embedded in the rule set of 
the model.  The drought mitigation actions and policies were identified through workshops held 
in collaboration between Baltimore DPW, SRBC, Hazen & Sawyer, and researchers from the 
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University of Massachusetts.  Four drought mitigation actions were explicitly modeled in DART: 
1) voluntary curtailments, 2) mandatory curtailments, 3) Susquehanna supply usage, and 4) a 
shift to Prettyboy-Loch Raven supply to preserve elevation head in Liberty Reservoir and 
maintain pressures throughout the distribution system.  The variations to the operating policies 
are discussed in detail in Section 4.2. 
The agreement between the City of Baltimore and the SRBC allows for supplemental 
pumping at Conowingo Pond up to 120 MGD during normal flow conditions at the Marietta, PA 
stream gaging station (negotiations are underway to increase this capacity to 250 MGD).  The 
pumping rate is restricted to 64 MGD when flows at Marietta drop below flows mandated by the 
Federal Energy Regulatory Commission (FERC).  DART assumes that the pumps are run at full 
capacity is met when activated and remain on for at least 30 days (to best reflect realistic 
operating decisions).  
Primarily, the City of Baltimore and water suppliers in general are focused on meeting 
water demands reliably.  During drought conditions, water managers have to balance the need to 
meet demands reliably with the costs of additional actions available to mitigate drought impacts.  
The goal of this research is to find a viable drought solution for the Baltimore water supply 
during droughts that meets reliability objectives while reasonably minimizing costs.  
To illustrate this, performance metrics for system operation were selected as the basis for 
evaluating the results to best address the needs of the City of Baltimore.  Each model simulation 
was evaluated using key metrics identified by Baltimore and SRBC (Table 2).  Focusing on 
system performance, rather than arbitrarily chosen statistical indictors and levels, minimizes the 
subjectivity inherent in drought indicator selection.  
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Table 2: Key Performance Metric Descriptions 
Metric Description 
Reliability Probability that the system will meet demand in a given year 
Pumping Frequency Frequency with which supplemental pumping from the 
Susquehanna River is initiated by the aggregate index 
drought level 
Curtailment Frequency Frequency with which voluntary (10%) and mandatory 
(25%) curtailments are initiated by the aggregate index 
drought level  
False Negative Percent of time that no drought level is declared compared 
to historic drought record (using socioeconomic definition 
of drought – type 2 error) 
Minimum Storage Minimum total storage modeled over simulation record 
 
The DART simulations are evaluated on this multi-objective basis.  For any water 
supplier, reliability is an important and familiar metric to evaluate operational changes in 
simulation and optimization frameworks.  Broadly stated, reliability is the probability that supply 
will be adequate to meet demand in a given time period (Mahadevan and Haldar, 2000).  In this 
research, three definitions are used in evaluations of reliability.  In the first, the supply is 
considered inadequate if it is unable to meet unaltered demands with only the supply in the 
reservoirs (any curtailment or pumping initiated during the year would result in a failure of the 
supply for that year).  The second only considers mandatory curtailments to be a failure of the 
system, which is more useful information for water suppliers who are willing to initiate 
voluntary curtailments as needed but would like to avoid mandatory curtailments if possible.  
The third calculation considers the system to be reliable if demands are met regardless of 
curtailments or supplemental pumping.  This calculation highlights the ability of the system to 
withstand drought using mitigation actions and indicates only severe vulnerabilities and threats 
to the overall supply of water to consumers. 
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 Five additional metrics are highlighted in the evaluation of the DART simulations: 
mandatory curtailment frequency, supplemental pumping frequency, minimum total storage, 
reservoir elevations throughout drought periods, and false negative rate.  The mandatory 
curtailment and supplemental pumping frequencies represent the rate at which supplemental 
supply pumping or demand curtailments are initiated to meet supply demands.  The minimum 
total storage represents the lowest capacity that the Baltimore system reaches throughout the 
simulation period.  This metric has been identified by Baltimore staff due to the water quality 
differences in the surface water supply and Susquehanna River.  Generally, the reservoir supply 
is of higher quality and requires lower dosages of water treatment chemicals than Susquehanna 
River water.  The Baltimore water managers have indicated a strong desire to maintain higher 
reservoir storages throughout drought periods to provide a “water quality buffer.”  The 
expectation is that water treatment costs can be greatly reduced by mixing the Susquehanna 
supplemental supply with a higher proportion of reservoir supply water.  The false negative (type 
2 error) rate evaluates how often the aggregate drought index does not indicate drought 
conditions when drought conditions do exist (as determined by the historic drought record).  In 
the opinion of water suppliers, it is much more damaging to miss a drought than to act 
conservatively and call for (later deemed) unnecessary drought mitigation actions.  False 
negatives can be misleading in the context of these simulations because the effective usage of 
drought mitigation actions could lead to the reservoir system rebounding more quickly and the 
earlier termination of drought conditions with respect to the historic drought record.  The final 
performance evaluation is an examination of reservoir elevations throughout drought conditions.  
This helps identify simulations that behave too conservatively, are too reactive (reservoir 
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elevations are slow to rebound) or do not maintain high enough reservoir elevations to maintain 
high water quality.  
 Water demand curtailments, supplemental pumping, and minimum reservoir storage all 
represent challenges to the Baltimore Department of Public Works.  Demand curtailments result 
in both direct costs (lost revenue) and indirect costs (lost economic opportunities).   There are 
operating costs and fees associated with the supplemental pumping.  As noted previously, there 
is an increase in water treatment costs associated with lower reservoir storages and higher 
proportions of supplemental water usage.  Thus, an aggregate drought index and operating policy 
that balances the objectives of all three metrics efficiently would benefit the City of Baltimore. 
The key performance metrics represent the multi-objective nature of water supply.  To 
maintain high storage levels, water managers may choose to operate the supplemental pumps 
from the Susquehanna River or ask consumers to curtail usage. An optimal aggregate index 
balances performance across all metrics according to the Baltimore water manager’s operating 
objectives. 
3.2 Aggregate Index Formulation 
The indicators evaluated in this research were identified from those commonly used in 
the literature, in practice, and emerging technologies that may prove to be useful in a drought 
management context (Table 3).  Indicators were pre-screened prior to the analysis in DART by 
selecting those with correlation coefficients greater than 0.4 as compared to the historic drought 
record. 
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Table 3: List of Indicators Investigated in Aggregate Index Formulation 
Indicator Description 
Cumulative Inflow  
Total inflow received by Baltimore, 3-month and 12-month 
windows 
Cumulative Precipitation 3- month total precipitation recorded at NOAA Lincoln, VA gage 
Days of Supply Remaining 
(DSR) 
Metric of storage and forecasted inflows minus anticipated 
demands 
NOAA Forecast Products 
90-day streamflow reforecasts using ESP, CFSv2, and GEFS 
models 
PDSI Palmer Drought Severity Index 
PHDI Palmer Hydrologic Drought Index 
Standardized Precipitation 
Indices (SPI) 
Index measuring precipitation abnormalities for 3-month and 12-
month windows 
Total Reservoir Storage 
Total combined usable storage of Prettyboy, Loch Raven, and 
Liberty reservoirs 
Winter Streamflow 
Prediction of low-streamflow in summer months using maximum 
likelihood logistic regression (MLLR), following USGS method 
(Austin, 2014) 
 
Prior to combination within the aggregate drought index, the indicators were assigned 
trigger thresholds tailored to the individual indicator using available observed data.  Three trigger 
thresholds for drought watch, warning, and emergency were based on the 25%, 12% and 5% 
values from the empirical cumulative distribution function (ECDF) graphs of each indicator.  
These threshold values were selected to limit the subjectivity of trigger tuning; further analyses 
may be performed to investigate triggers that are rooted in physical bases (i.e. reservoir 
thresholds may be tuned to thresholds at which hardships or costs are incurred by the City).  The 
trigger thresholds were calculated on a monthly time step for the indicators that exhibit seasonal 
patterns (inflow, precipitation, DSR, and total reservoir storage).  An example of the ECDF for 
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the cumulative 3-month inflow indicator is provided in Figure 7 and the resulting monthly trigger 
threshold levels is provided in Figure 8. 
 
Figure 7: Empirical Cumulative Density Function (ECDF) for Cumulative 3-Month Inflow 
Indicator, Using Data from 1930 – 2014 
In Figure 7, threshold values for the “3-month cumulative inflow” indicator are shown.  For this 
indicator, cumulative 3-month inflow values ending in January from 1930-2014 were collected 
and constructed in an ECDF.  The corresponding values for the 0.05, 0.12, and 0.25 percentiles 
were chosen as the trigger threshold values for this indicator for the month of January.  This 
process was repeated for February through December to obtain the seasonal trigger threshold 
values to use in the DART simulations (Figure 8).  The method of selecting the 5%, 12%, and 
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25% values from the ECDF’s of the individual indicators was chosen to minimize the 
subjectivity of trigger threshold tuning.   
 
Figure 8: Monthly Trigger Threshold Levels for Cumulative 3-Month Inflow Indicator, 
Using Data from 1930 – 2014 
There is a distinct seasonal pattern in the magnitudes of cumulative inflow received by the 
Baltimore reservoirs (Figure 8).  Seasonal patterns were detected and accounted for reservoir 
storage, DSR, PDSI, and all reforecast indicators.  The seasonal thresholds for all individual 
indicators are provided in Appendix B: Indicator Thresholds. 
The individual indicators were merged into various combinations of aggregate indices 
using two combination methods.  The first method used an average daily drought level identified 
by each individual indicator.  In the second method, the most severe daily drought level triggered 
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by an individual indicator in the set was selected as the aggregate drought index level.  A two-
week smoothing window was used to calculate the final aggregate drought index level for both 
combination methods to better represent the time-scale on which water managers realistically 
operate the systems.  The decision to initiate and end drought mitigation actions does not occur 
daily, instead, water managers consider the drought levels of previous two weeks or longer 
before initiating actions.  The two-week smoothing drought level calculation in DART accounts 
for this behavior.  
3.2.1 Methods for Incorporating Streamflow Forecasts  
The streamflow reforecasts provided by MARFC consist of 37 daily ensembles extending 
90-days, updated every 5 days, for the Lancaster, PA streamflow gage.  As noted previously, this 
study focuses on incorporating the information provided in the forecast ensembles into a decision 
framework that can inform management actions for the Baltimore water supply system.  Three 
methods were investigated for processing the MARFC forecasts for use in the aggregate drought 
index formulation: median ensemble forecast, binned ensemble forecast, and days of supply 
remaining (DSR).   
In the first method, referred to as “median ensemble forecast,” the median streamflow of 
the ensemble is assumed to estimate the likely drought state of the region for the 90-day window 
provided.  The forecast ensemble was processed by calculating the median of the 37 daily 
streamflows and developing a cumulative sum of the median for the 90-day forecast.  The 
cumulative sum was then compared to the historic record for 90-day cumulative streamflow 
ECDF’s divided by month at the Lancaster gage from 1933 – 2014, using the 25%, 12%, and 5% 
streamflow trigger thresholds.  If the median 90-day cumulative forecast was below the 25%, 
12%, or 5% historic cumulative flows at the site during the specified month, a daily drought level 
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of “watch” (level 1), “warning” (level 2), or “warning” (level 3) was assigned to the indicator 
drought level value (this is analogous to the indicator trigger threshold selection process 
discussed in the previous section).  The indicator drought sequences were then incorporated into 
the aggregate drought index using either the “average” or “most severe” methods. 
The second forecast incorporation method, referred to as “binned ensemble forecast,” 
captures all of the information from the ensembles included in the range and density of the 
ensembles (Figure 9).   
 
Figure 9: Example Forecast Ensemble Traces 
In this method, the 90-day cumulative sum of each ensemble member is calculated from the 37 
forecast ensembles (Figure 10).   
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Figure 10: Binned Ensemble Forecast Method Example, Cumulative 90-day Ensemble 
Sums for 2/5/2001 Forecast 
The same 25%, 12%, and 5% historic streamflow ECDF’s divided by month from the median 
ensemble forecast method are used in this method as the thresholds for drought watch, warning, 
and emergency declarations.  If greater than half of the ensembles exceed the 25%, 12%, and 5% 
drought thresholds, a “no drought” level is assigned as the forecast drought level.  If fewer than 
half of the ensembles exceed the drought thresholds, a drought condition is assigned to the 
forecast corresponding to the bin containing the greatest number of ensemble members 
(corresponding to the green bins shown in Figure 10).   
A third approach investigates the Days of Supply Remaining (DSR) metric.  This method 
is a variation of the index proposed in Fisher and Palmer (1997). The median cumulative 
ensemble forecasts for one week, one month, and three month periods were used for the forecast 
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input to the DSR calculation. The one week, one month, and three month DSR values were 
calculated using the equation: 
𝐷𝑆𝑅𝑥 =  
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑆𝑡𝑜𝑟𝑎𝑔𝑒 +  ∑ 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑥1 − ∑ 𝐷𝑒𝑚𝑎𝑛𝑑
𝑥
1
𝐷𝑎𝑖𝑙𝑦 𝐷𝑒𝑚𝑎𝑛𝑑
 
where x denotes the length of the forecast window (1 week, 1 month, 3 months).  The minimum 
DSR of the three different forecast windows was selected as the final DSR value.  The trigger 
thresholds for DSR were calculated from DART simulation results using no drought mitigation 
actions, divided into monthly groups.  DSR converts the complexity of forecasts into a simple 
unit (days). 
4.0 Case Studies 
Three analyses were performed using DART to evaluate indicators and alternative 
operating procedures.  In the first study, a “standard operating procedure” is defined to isolate 
increases in performance due to the aggregate drought indices.  This analysis identifies possible 
aggregate drought indices to incorporate into future drought management operations.  Additional 
attention is focused on the value of including the NOAA forecast products within an aggregate 
drought index framework.  In the second study, various operating procedures were evaluated 
using DSR to trigger actions to measure the impacts and differences between the policies.  This 
analysis identifies potential drought operating plans.  In the final study, a rudimentary analysis is 
performed to determine potential threats to the Baltimore water supply resulting from climate 
change and water demand uncertainty. 
4.1 Aggregate Drought Index 
Traditional drought indicators and streamflow forecasts were evaluated individually and 
combined within an aggregate drought index.  Indicators were pre-screened by calculating the 
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correlation coefficient between the indicator and historic drought sequence over the longest 
period of record available.  The standard operating procedure was defined as voluntary 
curtailments (modeled as a 10% reduction in demand) at a drought watch, emergency pumping 
initiated at a drought warning, and mandatory curtailments added at a drought emergency 
(modeled as an additional 15% reduction in demand).  The modeled curtailment percentages 
were chosen to reflect a conservative estimate of demand reduction (Kersnar, and Maring, 2006).  
The aggregate drought indices were evaluated based on key performance metrics to identify 
promising alternatives for incorporation into Baltimore operations to aid in the timing of drought 
mitigation actions. 
4.2 Alternative Management Scenarios 
Alternative managements scenarios based on interviews with Baltimore water managers 
are investigated in the second case study.  These represent a range of actions available to the City 
of Baltimore and changes in timing of the actions (Table 4). 
Table 4: Alternative Operating Policy Descriptions 
Action Alternatives 
Voluntary Curtailments  Initiate at Levels 1-3 
Mandatory Curtailments  Initiate at Levels 1-3 
Supplemental Pumping 
 Initiate at Levels 1-3 
 Initiate whenever total reservoir storage 
drops below 75% 
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4.3 Known Unknowns 
Climate change and water demand change are two “known unknowns” for water 
managers: past streamflows will not repeat themselves and streamflow and precipitation will 
likely change along with the climate.  Per capita water demands are changing with technological 
innovations and values systems.  This last analysis addresses the two known unknowns of 
climate change and water demand in an informative, albeit rudimentary, fashion. 
5.0 Results 
5.1 DART Model Validation 
DART was co-created with the City of Baltimore to ensure that the model closely 
simulates the physical system and replicates current management policies.  Several assumptions 
were made to expedite model development and to simplify the complex human judgements that 
occur in the system’s management.  For the model validation, DART was run using historic 
recorded demand and no drought management actions for the period of record between January 
1, 2010 and June 30, 2014 (Figure 11).  This time frame was selected due to the availability of 
recorded demand data.  The R-squared value for the DART simulation total storage versus the 
observed total storage from 2010-2014 was 0.82 for the entire record and 0.78 for the record 
when both the modeled and observed reservoir storages were not at full capacity, indicating that 
the model resembles the physical system.   
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Figure 11: DART Modeled Total Reservoir Storage and Observed Total Reservoir Storage 
for 2010 – 2014 
For most of the time period, the modeled and observed reservoir elevations closely align.  DART 
simulates higher drawdown in the periods between July 2010 – October 2011 and July 2012 – 
November 2012 that could be the result of drought restrictions placed on consumers during this 
time, differences between the modeled reservoir management operations and actual judgement 
calls, and/or differences between the actual inflows to the Baltimore reservoirs versus the 
simulated record created by Hazen & Sawyer.  As is, DART was deemed suitable for this study 
since the purpose of this research is to illustrate the value of streamflow forecasts within the 
framework of an aggregate drought index, and not to precisely estimate system performance or 
costs associated with operations.     
32 
 
5.2 MARFC Forecast Skill 
Two questions regarding the quality of the MARFC forecasts are addressed in this report:  
1) how accurate are forecasts are at predicting future inflows, and 2) do the forecasts provide 
actionable information (addressed in Section 5.3).   
The Ranked Probability Skill Score (RPSS) is metric commonly used to compare the 
improvement gained from a forecast in reference to another (usually less complex) forecast 
(Wilks, 1995).  For this investigation, the skill of the each of the three MARFC reforecast 
datasets was compared to climatology for various forecast intervals.  Climatology was chosen as 
the reference forecast to demonstrate any skill that the sophisticated forecast systems may have 
as compared to a simple estimation of streamflow using historic data.  The forecasts were 
evaluated for various intervals within the 90-day span to determine when the forecasts are most 
skillful and how that skill changes as the forecast span increases.  RPSS is evaluated using the 
equation: 
𝑅𝑃𝑆𝑆 = 1 − 
𝑅𝑃𝑆̅̅ ̅̅ ̅̅ 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
𝑅𝑃𝑆̅̅ ̅̅ ̅̅ 𝑐𝑙𝑖𝑚𝑎𝑡𝑜𝑙𝑜𝑔𝑦
 
Where RPS is the Rank Probability Score of the forecast ensemble or climatology.  RPSS values 
greater than 0 imply that the forecast of interest has a higher skill than the reference forecast, and 
RPSS values less than 0 indicate that the reference forecast is a better forecast.  An RPSS value 
of 1 indicates a perfect forecast.  RPS is calculated using the equation: 
𝑅𝑃𝑆 =  ∑ [𝑌𝑚 − 𝑂𝑚 ]
2
𝐽
𝑚=1
 
Where J is the number of forecast categories designated by the researcher, Ym is the cumulative 
probability of the forecast, and Om is the cumulative probability of the forecast.  RPS measures 
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the difference between the cumulative distribution function (CDF) of the observation and the 
CDF of the forecast ensemble.   
The RPSS values for each of the MARFC forecasts in reference to climatology were 
evaluated over the entire period of record from 2001 - 2010 (Figure 12).   
 
Figure 12: RPSS values for GEFS, CFSv2, and ESP MARFC Forecasts 
As expected, forecast skill is highest for each of the forecast datasets for the 1-week interval 
(forecasting 1 week into the future).  As the forecast interval increases, the RPSS values for all 
forecasts decreases; however, all RPSS values for all forecasts were greater than 0, indicating 
that the forecasts are more skillful than climatology.  The general quality of the forecasts is 
similar.  The forecast skill is expected to improve if forecasting technology improves, and 
therefore it is expected that the value added by incorporating streamflow forecasts in an 
operating model will increase in that scenario as well. 
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5.3 Indicator Performance: Aggregate Drought Index 
In the first DART simulation study, various indicators (Table 3) are evaluated 
individually and within an aggregate drought index.  Prior to the aggregate drought index 
simulations in DART, the indicators were tested for correlation strength against the historic 
drought record (Figure 13).  The correlation analysis was performed as a pre-screening exercise 
to evaluate which indicators might work well to predict future drought conditions. 
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Figure 13: Indicator Correlation Plots 
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SPI-24 and cumulative inflows for greater than 12 month windows exhibited strong correlation 
strength with the historic record.  These indicators were selected along with the forecasts for 
further analysis within the DART simulation. 
5.3.1 Forecast Incorporation Analysis 
 After pre-screening the indicators, two analyses were performed to evaluate the value of 
MARFC forecasts within the decision support framework.  The first analysis evaluates the 
MARFC forecasts in comparison to a baseline forecast and a “perfect” forecast.  The baseline 
forecast is calculated using average monthly values to estimate future inflows.  The perfect 
forecast uses the observed streamflows in place of a forecast (e.g. the perfect forecast on 
2/5/2001 is calculated using the observed record from 2/6/2001 – 5/6/2001).  All three forecasts 
are compared within the DSR incorporation method.  The second forecast analysis evaluates 
which forecast incorporation method performs the best, using the three methods outlined in 
Section 3.2 (median ensemble, binned ensemble, and DSR).   
 In the first analysis, the MARFC forecasts are evaluated compared to the baseline and 
perfect forecasts.  Over the 10 year simulation using historic inflows and forecasts from 2/5/2001 
to 12/31/2010, all three forecasts behave similarly except for the “Maximum Shortage” metric, 
which measures the volume of water met through curtailments or pumping (Table 5, Figures 14 
and 15).   
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Figure 14: Mandatory Curtailment, Pumping Frequency, and Minimum Storage (BG) 
DART Simulation Results, MARFC Forecast Value Assessment 
 
Figure 15: Receiver Operating Curve (ROC) DART Simulation Results, MARFC Forecast 
Value Assessment 
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Table 5: DART Simulation Results, MARFC Forecast Value Assessment 
Portfolio 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
(BG) 
Total 
Error 
Frequency 
MARFC 40% 8% 0.004% 87% 44% 51 2% 
PERFECT 35% 9% 0% 87% 52% 25 2% 
BASELINE 31% 9% 0% 85% 40% 25 2% 
 
Portfolio 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No 
Curtailments) 
Reliability 
(All 
Curtailments) 
Reliability 
(Mandatory 
Curtailments) 
MARFC 9% 49% 0.004% 100% 0% 90% 
PERFECT 9% 43% 0% 100% 20% 100% 
BASELINE 9% 40% 0% 100% 30% 100% 
 
The three forecast scenarios yield very similar results in terms of pumping frequency, 
mandatory curtailment frequency, and minimum storage (Figure 14).  All three forecast scenarios 
meet the target minimum storage threshold of 40% and trigger the same frequency of auxiliary 
pumping (9%).  The MARFC forecast triggers mandatory curtailments more frequently than the 
perfect and baseline forecasts. The baseline forecast scenario has a significantly lower drop in 
minimum storage.  It is suspected that the perfect forecast scenario is able to trigger auxiliary 
pumping more effectively than the other scenarios and thus is able to maintain higher reservoir 
elevations without triggering mandatory curtailments (examined in more detail in Figures Figure 
16 and Figure 17).   
The receiver operating curve (ROC) is shown in Figure 15.  This displays the ability of 
the indicator to accurately classify true negative and false negative drought declarations.  In this 
application, the ROC curve highlights the balance between over- and under-triggering.  A 
placement in the top left corner would indicate perfect classification, meaning that the index 
triggers only during drought conditions (as defined by the socioeconomic impacts over the 
historic record) and identifies all droughts (drought conditions are not missed).  In this analysis, 
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the baseline forecast achieves the lowest false negative rate.  This could be the result of the later 
timing of drought mitigation actions initiated by the baseline scenario, which would match the 
historic record closer than more proactive management scenarios. 
 
Figure 16: Total Reservoir Storage DART Simulation Results during 2002 Drought, 
MARFC Forecast Value Assessment 
 
Figure 17: Auxiliary Pumping DART Simulation Results during 2002 Drought, MARFC 
Forecast Value Assessment 
40 
 
The timing of the drought mitigation actions is highlighted in the 2002 drought figures 
(Figures Figure 16 and Figure 17).  Compared to the baseline scenario, the MARFC forecasts 
improve the minimum storage throughout the entire simulation period (44%) and maintain higher 
reservoir elevations throughout the majority of the 2002 drought.  The perfect forecast scenario 
represents the increase in performance expected from an associated increase in forecast skill. 
 A second analysis was performed to evaluate the three forecast incorporation methods.  
In contrast to the first analysis, the three methods differed significantly in the frequency with 
which all drought mitigations were called and how effective the actions were (Table 6).    
Table 6: DART Simulation Results, Forecast Incorporation Method Analysis 
Method 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
(BG) 
Total 
Error 
Frequency 
DSR 40% 8% 0% 87% 44% 51 2% 
Median 11% 12% 17% 91% 49% 59 2% 
Binned 8% 6% 8% 87% 30% 59 2% 
 
Method 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No 
Curtailments) 
Reliability 
(All 
Curtailments) 
Reliability 
(Mandatory 
Curtailments) 
DSR 9% 49% 0.004% 100% 0% 90% 
Median 32% 40% 17% 100% 0% 0% 
Binned 18% 22% 8% 100% 0% 20% 
 
The tradeoffs between the drought mitigation actions and desired reservoir and supply 
performance are evident in this analysis.  High reservoir storages can be achieved if the costs 
associated with pumping and curtailments are neglected.  For example, the Median Ensemble 
method maintains the highest reservoir elevations of the three incorporation methods throughout 
the simulation period (highlighted through the 2002 drought in Figure 20), but does this at the 
cost of pumping and increased curtailments.   
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Figure 18: Mandatory Curtailment, Pumping Frequency, and Minimum Storage (BG) 
DART Simulation Results, Forecast Incorporation Method Analysis 
 
Figure 19: Receiver Operating Curve (ROC) DART Simulation Results, Forecast 
Incorporation Method Analysis 
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Over the 10-year simulation period, DSR meets the greater than 40% minimum storage criteria at 
the lowest mandatory curtailment and pumping frequencies (Figure 18).  In addition, DSR best 
classifies non-drought conditions and minimizes missing drought signals (Figure 19).   
 
Figure 20: Total Reservoir Storage DART Simulation Results during 2002 Drought, 
Forecast Incorporation Method Analysis 
 
Figure 21: Auxiliary Pumping DART Simulation Results during 2002 Drought, Forecast 
Incorporation Method Analysis 
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The Binned Ensemble method is unable to meet the 40% minimum storage criteria specified by 
Baltimore staff, despite the high pumping and mandatory curtailment frequencies.  A possible 
explanation for the high pumping and curtailment frequencies could be in the timing of the 
forecast indicator, as shown through the performance during the 2002 drought (Figures Figure 20 
and Figure 21).  The Binned Method triggers pumping in July 2003 because the incoming 
streamflow is predicted to be lower than the thresholds; however, in July 2003, the reservoirs are 
at maximum capacity.  Without taking into account reservoir storage, the pumps are initiated 
despite the lack of need.  In actual operations, an operator might over-ride the decision to initiate 
pumping in a situation where reservoirs are at full capacity.  This highlights the need for 
inclusion of reservoir storage in an aggregate drought index to eliminate the need for human 
oversight.  An ideal aggregate drought index would work in drought and non-drought conditions 
alike. 
Ideally, a streamflow forecast is able to trigger drought management actions early if a 
decrease in future streamflows is predicted; however, if this doesn’t include consideration of 
current system status, the forecast could also trigger the termination of drought mitigation actions 
too early (e.g. if streamflows are forecasted to return to normal levels but reservoir storages have 
not safely rebound to normal operating elevations).  In the case of the 2002 drought, the Binned 
Ensemble forecast triggers drought management actions early but does not predict the continuing 
severity of the drought, which is likely a limitation of the forecast skill.  This might be due to a 
shortcoming in the way that the forecasts are generated.  At the 3-month time frame, the 
forecasts resolve to climatology and thus inherently won’t predict dry conditions (climatology is 
a measure of average conditions and does not predict extremes, like drought, well).   
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Overall, the DSR metric meets desired performance metrics most efficiently of the three 
incorporation methods, likely because of the inclusion of system status and demand in the 
calculation.  The DSR metric minimizes mandatory curtailments and doesn’t trigger pumping 
when the total reservoir storage is high.  Although the forecasts alone might not provide enough 
information to guide drought management operations, they do meet desired performance within 
the DSR framework and could prove to be an effective tool for drought management. 
5.3.2 Aggregate Drought Index Analysis 
 A third analysis was performed to determine the aggregate drought index that increases 
performance for the City of Baltimore water supply system.  In this research, the aggregate 
drought index is used to time drought management actions.  A set of 51 simulations were run 
through DART using combinations of the pre-screened traditional indicators and MARFC 
streamflow forecasts (Table 7, Figure 22).  The set of simulations was created to cover the range 
of possible aggregate combinations using indicators that correlate highly to the drought record in 
the Baltimore region.  The aggregate drought index combinations were constructed by building 
on reservoir storage as an indicator (as is currently used to guide drought actions in Baltimore) 
with the forecasts, SPI, and cumulative inflow indicators.  As in previous analyses, the 
simulations were compared based on reliability, minimum total storage, and pumping and 
curtailment frequencies (see Appendix C for full results).    
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Table 7: Aggregate Drought Index Combinations 
1 Reservoir Storage 27 CFS (Median), Reservoir 
2 Reservoir, SPI-24 28 GEFS (Median), Reservoir 
3 Reservoir, Cumulative 3-month Inflow 29 ESP (Median), Reservoir 
4 
Reservoir, SPI24, Cumulative 3-month 
Inflow 
30 CFS (Binned), Reservoir 
5 Reservoir, Cumulative 12-month Inflow 31 GEFS (Binned), Reservoir 
6 
Reservoir, SPI-24, Cumulative 12-month 
Inflow 
32 ESP (Binned), Reservoir 
7 Reservoir, CFS (Median) 33 
CFS (Median), Reservoir, Cumulative 12-
month Inflow 
8 Reservoir, GEFS (Median) 34 
GEFS (Median), Reservoir, Cumulative 
12-month Inflow 
9 Reservoir, ESP (Median) 35 
ESP (Median), Reservoir, Cumulative 12-
month Inflow 
10 Reservoir, CFS (Median), SPI-24 36 
CFS (Binned), Reservoir, Cumulative 12-
month Inflow 
11 
Reservoir, CFS (Median), SPI-24, 
12moInflow 
37 
GEFS (Binned), Reservoir, Cumulative 
12-month Inflow 
12 Reservoir, CFS (Binned) 38 
ESP (Binned), Reservoir, Cumulative 12-
month Inflow 
13 Reservoir, GEFS (Binned) 39 
CFS (Median), Reservoir, Cumulative 3-
month Inflow 
14 Reservoir, ESP (Binned) 40 
GEFS (Median), Reservoir, Cumulative 3-
month Inflow 
15 
Reservoir, CFS (Binned), SPI-24, 
12moInflow 
41 
ESP (Median), Reservoir, Cumulative 3-
month Inflow 
16 None 42 
CFS (Binned), Reservoir, Cumulative 3-
month Inflow 
17 DSR (CFS) 43 
GEFS (Binned), Reservoir, Cumulative 3-
month Inflow 
18 DSR (GEFS) 44 
ESP (Binned), Reservoir, Cumulative 3-
month Inflow 
19 DSR (ESP) 45 CFS (Median), Reservoir, PHDI 
20 DSR (Perfect Forecast) 46 GEFS (Median), Reservoir, PHDI 
21 CFS (Median) 47 ESP (Median), Reservoir, PHDI 
22 GEFS (Median) 48 CFS (Binned), Reservoir, PHDI 
23 ESP (Median) 49 GEFS (Binned), Reservoir, PHDI 
24 CFS (Binned) 50 ESP(Binned), Reservoir, PHDI 
25 GEFS (Binned) 51 DSR (Average Forecast) 
26 ESP (Binned) 
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Figure 22: Mandatory Curtailment, Pumping Frequency, and Minimum Storage (BG) 
DART Simulation Results, Aggregate Drought Index Analysis 
As expected, increases in the pumping and mandatory curtailment frequencies generally leads to 
increases in minimum storage (Figure 22).  The DART simulations that require auxiliary 
pumping greater than 30% and mandatory curtailments greater than 15% of the simulation period 
represent very conservative management schemes.  The cluster of simulation runs in the top right 
corner of Figure 22 represent very “safe” reservoir operations but are very expensive (high 
pumping and curtailment rates).  Run Number 16 (no action) is the cheapest alternative, but does 
not meet the desired minimum storage threshold.  At the point of writing this report, data was not 
available for estimating the costs of mandatory curtailments and auxiliary pumping.  There is a 
cost associated with running the pumps (electricity) and maintenance, as well as a cost to the 
community if water demand is curtailed.  Generally, auxiliary pumping is considered less costly 
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by Baltimore water managers since this doesn’t require action from the Mayor to declare drought 
restrictions and thus is less visible to the public.   
From the set, five simulations were selected that illustrate the multi-objective nature of 
drought management by ranking the individual performance metrics and selecting those that met 
the minimum storage target and maximized other objectives (Tables 8 and 9, Figures 23 - 26).  
Baltimore water managers may select an aggregate drought index from the set that meets the 
desired performance levels to incorporate in future drought management operating policies, 
according to their objectives.  The results were provided in this format to minimize over-filtering 
by the author and to allow the City of Baltimore the ability to ultimately decide which index to 
use based on their expert judgement. 
Table 8: Aggregate Drought Index Selection Composition 
Run Number Index Composition 
1 Reservoir Storage 
16 None 
18 DSR (GEFS) 
24 Binned Forecast (CFS) 
48 Reservoir, PHDI, Binned Forecast (CFS) 
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Figure 23: Mandatory Curtailment, Pumping Frequency, and Minimum Storage (BG) 
DART Simulation Results, Aggregate Drought Index Analysis 
 
Figure 24: Receiver Operating Curve (ROC) DART Simulation Results, Aggregate 
Drought Index Analysis 
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Table 9: Selected DART Simulation Results, Aggregate Drought Index Analysis 
Run 
Number 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
Total 
Error 
Frequency 
1 8% 7% 4% 86% 50% 59 2% 
16 0% 0% 0% 77% 3% 146 2% 
18 40% 8% 0% 87% 44% 51 2% 
24 9% 5% 7% 86% 30% 59 2% 
48 14% 11% 12% 93% 71% 59 2% 
 
Run 
Number 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No 
Curtailments) 
Reliability 
(All 
Curtailments) 
Reliability 
(Mandatory 
Curtailments) 
1 13% 20% 4% 100% 40% 90% 
16 0% 0% 0% 90% 90% 90% 
18 9% 49% 0.004% 100% 0% 90% 
24 15% 20% 7% 100% 0% 30% 
48 26% 37% 12% 100% 0% 30% 
The results (Table 9) highlight the overall balance of performance for the selected aggregate 
drought indices.  Those that maximize storage do so at the cost of curtailments and supplemental 
pumping from the Susquehanna River.  DSR achieves a better balance of using curtailments and 
pumping efficiently to meet the total storages desired by Baltimore staff throughout the period of 
analysis.  It is understood that DSR achieves this by timing the drought mitigation actions well 
(Figures 25 and 26).    
The simulation using no aggregate drought index and no management actions (Run 
Number 16) has the lowest reservoir elevation throughout the 2002 drought.  Significant 
improvements in maintaining storage are made using the aggregate drought indices to trigger 
drought management actions when considering total reservoir elevation.  Very high reservoir 
storages are maintained by Run Number 48, which achieves this by relying heavily on 
curtailments and pumping (Figure 26).   
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Figure 25: Total Reservoir Storage DART Simulation Results during 2002 Drought, 
Aggregate Drought Index Analysis 
 
Figure 26: Auxiliary Pumping DART Simulation Results during 2002 Drought, Aggregate 
Drought Index Analysis 
The simulation using only reservoir storage (Run Number 1) maintains slightly higher reservoir 
elevations throughout the drought than the DSR simulation (Run Number 18) by initiating the 
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auxiliary pumps earlier (Figure 26).  Incorporating the forecast with DSR decreases the overall 
pumping frequency and mandatory curtailments over the ten-year period as compared to the 
Reservoir only simulation, which could lead to significant savings in pumping costs to the City 
of Baltimore.  
DSR may prove to be more useful under unknown future conditions due to climate 
change, since DSR does not rely on recurrence of historic patterns to dictate trigger thresholds.  
Instead, thresholds for DSR can be selected by staff to reflect how conservatively the group 
would like to manage the water supply (i.e. the group may decide to wait until 100 days for 
mandatory curtailments, versus a 95% value picked from a historic dataset).  The benefit of this 
change is difficult to illustrate in a simulation model using historic data, since thresholds for 
traditional indicators such as PDSI can easily be optimized to display desired results.  Because 
future conditions are expected to change in an unknown direction and extent, determining 
thresholds based on historic data is equivalent to relying on flawed assumptions.  By rooting 
thresholds in operational timeframes and basing the index calculation on current observations 
and forecasts, DSR eliminates the reliance on the recurrence of historic patterns. 
5.4 Management Operating Policies 
In addition to the analysis on the aggregate drought index composition, simulations were 
run in DART to evaluate alternative drought management strategies (Table 10).  The operating 
policies investigate the timing of the drought management actions associated with the aggregate 
drought index.  These operating policies represent the options available to the City of Baltimore 
at this time.  For this analysis, DSR using the GEFS forecast was chosen as the aggregate 
drought index for declaring the four stages of drought: no drought (level 0), drought watch (level 
1), drought warning (level 2) and drought emergency (level 3).  The results from this analysis 
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may be used to inform changes in the drought operating plan for the City of Baltimore (Table 11, 
Figures 27-28). 
Table 10: Alternative Operating Policy Descriptions 
 
Trigger Level 
Policy Name 
Voluntary 
Curtailment 
Mandatory 
Curtailment 
Susquehanna Pumping 
Standard 1 3 2 
Standard 2 2 3 2 
Standard 3 - 3 2 
Early Pumping 1 3 1 
Early Pumping, No 
Curtailments 
- - 1 
Middle Pumping, No 
Curtailments 
- - 2 
Late Pumping 1 3 3 
Late Pumping, No 
Curtailments 
- - 3 
Summer 1 3 June - September 
Summer, No Curtailments - - June - September 
Below 75 1 3 When total storage drops below 75% 
Below 75, Alternate 2 3 When total storage drops below 75% 
Below 75, No Curtailments - - When total storage drops below 75% 
No Pumping, 1&2 
Curtailments 
1 2 - 
Conowingo Demand Relief 1 3 Levels 1&2 only 
Conowingo Demand Relief, 
Alternate 
1 2 Levels 1&2 only 
No Action - - - 
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Figure 27: Mandatory Curtailment, Pumping Frequency, and Minimum Storage (BG) 
DART Simulation Results, Alternative Operating Policies 
 
Figure 28: Receiver Operating Curve (ROC) DART Simulation Results, Alternative 
Operating Policies 
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Immediately, several operating procedures can be eliminated from the set of realistic operating 
alternatives for the City of Baltimore from visual inspection of Figure 27.  The cluster in the far 
right (the “early pumping” and “summer pumping” scenarios, Numbers 4, 5, 9, and 10) contains 
policies that trigger pumping more frequently than necessary; however, the two simulations with 
no supplemental supply usage (the “no pumping, early curtailments” and “no action” scenarios, 
Numbers 14 and 17) do not meet the required minimum storage threshold of 40%.  This implies 
that some level of supplemental supply is necessary to maintain adequate supply without a 
significant decrease in demand. 
Table 11: DART Simulation Results for Selected Simulation Runs, Alternative Operating 
Policies 
Run 
Number 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
Total 
Error 
Frequency 
1 40% 8% 0% 87% 44% 51 2% 
2 42% 10% 1% 85% 43% 58 2% 
3 42% 9% 3% 84% 37% 37 2% 
6 42% 7% 5% 84% 32% 0 2% 
7 39% 9% 4% 85% 31% 59 2% 
8 34% 17% 8% 80% 22% 0 2% 
11 39% 5% 0% 90% 57% 25 2% 
14 40% 3% 9% 84% 18% 136 2% 
15 39% 9% 4% 85% 32% 59 2% 
 
Run 
Number 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No 
Curtailments) 
Reliability 
(All 
Curtailments) 
Reliability 
(Mandatory 
Curtailments) 
1 9% 49% 0% 100% 0% 90% 
2 13% 11% 1% 100% 60% 90% 
3 13% 3% 1% 100% 90% 90% 
6 14% 0% 0% 100% 100% 100% 
7 4% 51% 3% 100% 0% 90% 
8 8% 0% 0% 100% 100% 100% 
11 14% 44% 0% 100% 10% 100% 
14 0% 52% 12% 90% 0% 70% 
15 4% 51% 3% 100% 0% 90% 
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As discussed previously, prioritizing one key performance metric has direct implications on the 
performance of the other metrics.  The “standard operating” policy does not perform as highly as 
the other policies in curtailments and total storage, but is able to minimize false negative 
declarations and meets the minimum storage threshold with the lowest pumping frequency.  The 
“75% pumping” strategy also meets storage goals but increased pumping frequency.  This policy 
may be considered better if the goal is to minimize mandatory curtailments overall. 
5.5 Climate Change and Water Demand Sensitivity 
A shorthand analysis was performed to identify possible vulnerabilities due to climate 
change and demand uncertainty in the Baltimore water supply system using an aggregate drought 
index to time management actions.  For this analysis, the DSR index was used to trigger the 
standard operating policy in DART to provide a range of projected impacts.  The effect on 
streamflow due to changes in climate was simulated by scaling summer streamflow values in 
June - September by reduction factors that represent anticipated changes.  Unfortunately, there is 
no clear consensus on the effect that warming temperatures will have on precipitation regimes 
(Trenberth, 2014).  To address climate change, a range of projected changes from a 10% to 50% 
reduction in summer streamflow values was simulated (Table 12).  Such a decrease in summer 
flows might be associated with increased temperatures and evapotranspiration (a more consistent 
result from climate model forecasts).  This provides insight into what degree of streamflow 
reduction leads to potential issues with water supply.  Published studies that have focused on 
precipitation changes in the Mid-Atlantic region of the U.S. have estimated the degree of change 
to be anywhere between -4 to +27% (Najjar et.al., 2000) or between -5 to -10% during summer 
months (Ning et. al, 2012).  Thus, the streamflow sensitivity analysis focused only on summer 
streamflow volumes because those are the flows that may decrease, whereas total annual 
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precipitation values are anticipated to increase.  For future water demands, a full range of 
changes from 50% reduction to 50% increase were examined to identify the point at which the 
system will no longer be able to reliably meet demands. 
Table 12: Water Demand and Summer Streamflow Reduction Factors 
Variable Change Factors 
Water Demand 0.50, 0.75, 0.90, 1.1, 1.25, 1.5 
Summer Streamflow 0.90, 0.80, 0.70, 0.60, 0.50 
 
 The largest vulnerabilities caused in the system are from changes in water demand and 
not changes in summer streamflow values (Figures 29 and 30).  No extreme changes in minimum 
reservoir storage, pumping rates, and mandatory curtailment frequency were observed over the 
range of summer streamflow reductions (considering only a drop in streamflow during the 
months of June – September, as suggested in climate research). 
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Figure 29: Key Performance Metric Tradeoff for Summer Streamflow Sensitivity Analysis 
As expected, there is a slight decrease in minimum total storage with decrease in overall summer 
streamflow values, but this change is relatively small even over large decreases in streamflow 
(50% reduction), which isn’t anticipated to occur.  Generally, climate change projections indicate 
increases in overall precipitation, which would benefit the Baltimore system.  In contrast, 
increases in demand lead to sharp changes in minimum total storage, pumping rates, and 
mandatory curtailments.   
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Figure 30: Key Performance Metric Tradeoff for Demand Sensitivity Analysis 
There is a sharp decline in performance at a 50% increase in demand.  This scenario would lead 
to a higher reliance on Susquehanna River and may prompt the inclusion of a new water source 
for the City of Baltimore.  This magnitude of increase in demand is not anticipated in the near 
future for the City of Baltimore.  The population of the area served by the Baltimore water 
supply is projected to increase by 9.7% by the year 2040 (Maryland State Data Center, 2014), 
which might indicate the upper bound of the magnitude of increase in water demands by that 
time.  The effect of technological innovations and improvements in water conservation efforts 
may mitigate the effect of an increasing population on overall water demand, but is limited by 
the net improvement possible under water conservation efforts (Hornberger et.al, 2015). 
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6.0 Conclusions 
There is a distinct opportunity to create innovative tools to aid in drought management 
that respond to vulnerabilities posed by climate change.  Water managers can no longer rely on 
the persistence of historical climate patterns to dictate water management policies (Milly et.al., 
2007).  Traditional drought management practices are not sufficient to effectively minimize the 
social and economic impacts of drought.  A shift to proactive drought management could lead to 
significant economic savings for both water suppliers and consumers (Wilhite et.al, 2014).  New 
developments in streamflow forecasting methodologies developed by NOAA could provide the 
information necessary to shift to proactive drought management response. 
This report presents the findings of a case study on the City of Baltimore water supply, as 
part of a larger project focusing on drought planning for the Susquehanna River Basin.  The 
purpose of the study is to investigate new technologies to aid in the development of a proactive 
drought management plan.  This is accomplished through the demonstration of the use of an 
aggregate drought index to aid in the timing of drought mitigation actions for public water 
supply.  Traditional drought indicators and streamflow forecasts developed by NOAA were 
screened and evaluated using DART, a simulation model of the Baltimore water supply created 
specifically for this project.  The aggregate drought indices were evaluated based on key 
performance metrics identified by Baltimore water supply managers.  Alternative operating 
policies were investigated to inform changes to current practices.  In addition, sensitivity 
analyses were performed to evaluate vulnerabilities faced by the system due to climate change 
and water demand increases. 
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6.1 Results Summary 
In this study, the use of an aggregate drought index to inform the timing of drought 
management actions was investigated.  DART, a model of the City of Baltimore water supply 
created in STELLA®, was successfully developed for this research to evaluate new drought 
management methods.  Streamflow forecasts were provided by MARFC for the Lancaster, PA 
stream gaging location.  The forecasts were spatially scaled to the Baltimore system and included 
in the aggregate drought index analysis.  The skill of the streamflow forecasts decrease as the 
time frame increases, but overall, the MARFC forecasts exhibit higher skill than climatology 
(average streamflow).  The forecasts perform better within the aggregate drought index 
framework than average values.  The value of adding streamflow forecasts is expected to 
improve as forecast skill improves, as demonstrated by the performance of the perfect forecast 
within the aggregate drought index framework.  The DSR method for forecast incorporation 
proved to be the most efficient method for streamflow incorporation, as compared to the median 
ensemble and binned ensemble methods.  It should be noted that extended, spring and summer 
streamflow forecasts (longer than 10 days) in the mid-Atlantic area, are extremely difficult to 
generate accurately.  Spring and summer streams are driven by meteorological conditions and 
base flows.  Thus far, weather models have significant difficulties in generating accurate 
forecasts beyond a 5 to 10 day period. The region is dramatically different than portions of the 
west when spring and early flows are driven by snowpack melt. 
The use of an aggregate drought index increases system performance.  Some aggregate 
drought index simulations were more conservative and initiated more drought management 
actions (higher auxiliary pumping and curtailment rates), which may be deemed too expensive 
and unnecessary to implement in actual operations.  The DSR metric minimized drought 
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mitigation actions (and thereby reduced overall costs) while meeting desired system 
performance. 
The anticipated risk of climate change and demand uncertainty was estimated to be low 
in the preliminary analyses presented in this report.  This suggests that new surface water 
supplies are not necessary for the City of Baltimore to develop in the near future.  The analyses 
should be re-examined if significant changes to annual streamflow volumes or demand behaviors 
are observed.  It is recommended that the effects of climate change and demand uncertainty be 
further investigated to fully understand the impacts and threats posed by these factors to the City 
of Baltimore water supply. 
6.2 Recommendations for the Management of the Baltimore Water Supply 
The study results indicate that the use of an aggregate drought index that has been 
carefully constructed and calibrated will result in increased system performance.  Drought 
management actions should be carefully selected and timed to balance the desire to maintain 
higher reservoir elevations throughout low-flow periods with the costs associated with 
mandatory curtailments and auxiliary pumping from the Susquehanna River.  
The Days of Supply Remaining metric constructed using MARFC forecasts balanced all 
performance metrics well.  Because DSR is a dynamic and time variable metric, it is expected to 
perform well regardless of impacts from climate change, since the thresholds are chosen to 
reflect the timing needed for drought mitigation actions to be effective, as opposed to thresholds 
chosen from a historic record.  DSR is also expected to increase in value as MARFC forecasts 
increase in skill, since more accurate streamflow forecasts are expected to lead to more accurate 
DSR estimations.  The current HEFS methods for creating streamflow forecasts generally exhibit 
better skill than climatology.  The forecasts alone do not provide enough information about the 
62 
 
system to support relying on the forecasts for timing drought management actions.  DSR is an 
efficient way to incorporate the streamflow forecasts with current reservoir storage and demand 
estimations to provide a more complete picture of the drought status of the water supply system.  
Lastly, DSR is easy to understand and straightforward to calculate, which makes it easier to 
implement in daily operations.  
6.3 Research Implications 
The attributes common to successful implementations of innovations are discussed by 
Whateley et. al. (2014) and Whateley et. al. (2016), specifically focusing on the incorporation of 
forecasts into water supply operations. These characteristics are proposed by Rogers (2003) to 
explain reluctance in the adoption of innovations and include the following: 1) the expected 
improvement of performance gained by incorporation, 2) the degree of understanding necessary 
and training required, 3) temporal and/or spatial applicability and institutional changes required 
for implementation, 4) the ability to test the product and return to prior operating procedures, and 
5) evidence of successful adoption.   
These issues, as they relate to the adoption of streamflow forecasts in water supply 
operations, may be effectively addressed by the proposed addition of DSR into Baltimore’s 
drought management plan.  DSR may significantly increase proactive drought management by 
facilitating system accounting and by relating system status to data-driven actions.  Water supply 
performance, as defined by supply reliability, is improved using several aggregate drought 
indicators in this study.  DSR achieves the desired reliability with minimal curtailments, 
auxiliary supply usage, false negative errors, and maintains safe minimum storage levels 
throughout drought periods.  DSR is an easily understood metric for communicating current 
system status and risk.  The calculation for DSR is straightforward if demand forecasts (in our 
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case, demand estimates using recent years and demand patterns) and streamflow forecasts are 
available.  DSR is calculated on a real-time basis for specified systems and thus is both 
temporally and spatially applicable to any system that it is developed for.  DSR has been proven 
effective with this case study and is expected to perform similarly in actual adoption.  Thus, DSR 
meets the criteria for successful adoption of innovative technologies and should be carefully 
considered by water managers for incorporation into drought management plans tailored for the 
21
st
 century.  
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Appendix A: Data Sources 
Table 13: Indicator Data Sources 
INDICATOR UNIT SOURCE TIMESTEP 
LOCATION 
INFO 
START 
DATE 
END 
DATE 
Days of Supply 
Remaining 
DAYS Simulated DAILY Baltimore, MD 2/5/2001 
12/31/201
0 
Demand CFS Baltimore DAILY Baltimore, MD 1/1/2010 Present 
Forecast: CFSv2, 
GEFS, ESP 
CFS MARFC DAILY Lancaster, PA 2/5/2001 
12/31/201
0 
Groundwater FT USGS 
MONTHLY
, DAILY 
Carroll County, 
MD 
8/7/1985 Present 
PDSI - NOAA MONTHLY 
State Code: 18, 
Division:6 
1/1/1985 Present 
Precipitation IN NOAA DAILY Lincoln, VA 9/26/1900 Present 
Precipitation IN NOAA DAILY Millers, MD 3/1/1988 Present 
Reservoir Storage MG Simulated DAILY Baltimore, MD 12/31/1929 1/1/2002 
Sea Surface 
Temperature 
DEG C NOAA MONTHLY 
LAT = 38 N, 
LONG = 75 W 
12/1/1981 12/1/2014 
SPI - NOAA MONTHLY 
State Code: 18, 
Division:6 
1/1/1985 Present 
Streamflow CFS OASIS DAILY Baltimore, MD 12/31/1929 1/1/2002 
Streamflow CFS USGS DAILY Various 10/1/1982 Present 
 
 
 
 
 
 
 
  
Appendix B: Indicator Thresholds 
 
Figure 31: DSR Seasonal Trigger Thresholds 
 
Figure 32: Cumulative 12-Month Inflow Seasonal Trigger Thresholds 
  
 
Figure 33: Forecast 3-Month Seasonal Trigger Thresholds 
 
Figure 34: PDSI Seasonal Trigger Thresholds 
  
 
Figure 35: PHDI Seasonal Trigger Thresholds 
 
Figure 36: Reservoir Storage Seasonal Trigger Thresholds 
  
 
Figure 37: SPI 06 Seasonal Trigger Thresholds 
 
Figure 38: SPI 24 Seasonal Trigger Thresholds 
  
 
Figure 39: Precipitation (6-month Cumulative) Seasonal Trigger Thresholds 
 
 
 
 
 
 
 
 
 
 
 
 
  
Appendix C: DART Simulation Results 
 
Table 14: Aggregate Index Composition 
1 Reservoir 18 GEFS_DSR 35 ESP_Median, Reservoir, 12mo Inflow 
2 Res, SPI24 19 ESP_DSR 36 CFS_Binned, Reservoir, 12mo Inflow 
3 Res, 3moInflow 20 Perfect_DSR 37 GEFS_Binned, Reservoir, 12mo Inflow 
4 Res, SPI24, 3moInflow 21 CFS_Median 38 ESP_Binned, Reservoir, 12mo Inflow 
5 Res, 12moInflow 22 GEFS_Median 39 CFS_Median, Reservoir, 3mo Inflow 
6 Reservoir, SPI24, 12moInflow 23 ESP_Median 40 GEFS_Median, Reservoir, 3mo Inflow 
7 Reservoir, CFS 24 CFS_Binned 41 ESP_Median, Reservoir, 3mo Inflow 
8 Reservoir, GEFS 25 GEFS_Binned 42 CFS_Binned, Reservoir, 3mo Inflow 
9 Reservoir, ESP 26 ESP_Binned 43 GEFS_Binned, Reservoir, 3mo Inflow 
10 Reservoir, CFS, SPI24 27 CFS_Median, Reservoir 44 ESP_Binned, Reservoir, 3mo Inflow 
11 
Reservoir, CFS, SPI24, 
12moInflow 
28 GEFS_Median, Reservoir 45 CFS_Median, Reservoir, PHDI 
12 Reservoir, CFSProb 29 ESP_Median, Reservoir 46 GEFS_Median, Reservoir, PHDI 
13 Reservoir, GEFSProb 30 CFS_Binned, Reservoir 47 ESP_Median, Reservoir, PHDI 
14 Reservoir, ESPProb 31 GEFS_Binned, Reservoir 48 CFS_Binned, Reservoir, PHDI 
15 
Reservoir, CFSProb, SPI24, 
12moInflow 
32 ESP_Binned, Reservoir 49 GEFS_Binned, Reservoir, PHDI 
16 None 33 
CFS_Median, Reservoir, 12mo 
Inflow 
50 ESP_Binned, Reservoir, PHDI 
17 CFS_DSR 34 
GEFS_Median, Reservoir, 12mo 
Inflow 
51 DSR_Average 
 
 
 
 
 
  
Table 15: Aggregate Index Analysis Performance Results 
Run 
Number 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No Curt) 
Reliability 
(All Curt) 
Reliability 
(MandCurt) 
Total 
Error 
False 
Negative 
1 8% 7% 4% 86% 50% 59 13% 20% 4% 100% 40% 90% 2% 2% 
2 9% 5% 6% 86% 51% 59 12% 21% 6% 100% 40% 90% 1% 1% 
3 12% 11% 14% 93% 72% 59 25% 37% 14% 100% 30% 50% 1% 1% 
4 13% 11% 14% 93% 72% 59 25% 37% 14% 100% 20% 50% 1% 1% 
5 21% 13% 13% 92% 56% 59 27% 47% 13% 100% 30% 70% 1% 1% 
6 21% 13% 13% 92% 56% 59 27% 47% 13% 100% 30% 70% 1% 1% 
7 14% 13% 17% 92% 57% 59 32% 44% 17% 100% 0% 0% 2% 1% 
8 13% 13% 18% 92% 57% 59 33% 43% 17% 100% 0% 0% 2% 1% 
9 14% 13% 18% 92% 57% 59 33% 44% 17% 100% 0% 0% 2% 1% 
10 14% 12% 18% 92% 59% 59 33% 44% 18% 100% 0% 0% 2% 1% 
11 25% 18% 26% 96% 69% 59 46% 69% 26% 100% 0% 0% 2% 1% 
12 12% 9% 8% 89% 52% 59 20% 29% 8% 100% 0% 30% 2% 1% 
13 13% 10% 9% 89% 51% 59 23% 32% 9% 100% 0% 20% 2% 1% 
14 10% 11% 9% 90% 52% 59 23% 30% 9% 100% 0% 30% 2% 1% 
15 23% 16% 18% 95% 64% 59 37% 57% 18% 100% 0% 20% 2% 1% 
16 0% 0% 0% 77% 3% 146 0% 0% 0% 90% 90% 90% 2% 2% 
17 39% 8% 0% 87% 44% 51 9% 48% 0% 100% 0% 90% 2% 2% 
18 40% 8% 0% 87% 44% 51 9% 49% 0% 100% 0% 90% 2% 2% 
19 42% 9% 0% 87% 44% 51 9% 50% 0% 100% 0% 90% 2% 2% 
20 35% 9% 0% 87% 52% 25 9% 43% 0% 100% 20% 100% 2% 2% 
21 12% 13% 16% 91% 49% 59 31% 41% 16% 100% 0% 0% 2% 1% 
22 11% 12% 17% 91% 49% 59 32% 40% 17% 100% 0% 0% 2% 1% 
23 11% 13% 17% 91% 47% 59 32% 40% 17% 100% 0% 0% 2% 1% 
24 9% 5% 7% 86% 30% 59 15% 20% 7% 100% 0% 30% 2% 2% 
25 8% 6% 8% 87% 30% 59 18% 22% 8% 100% 0% 20% 2% 1% 
 
 
  
Table 16: Aggregate Index Analysis Performance Results Cont. 
Run 
Number 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No Curt) 
Reliability 
(All Curt) 
Reliability 
(Mandatory 
Curt) 
Total 
Error 
False 
Negative 
26 6% 7% 8% 87% 32% 59 18% 21% 8% 100% 10% 30% 2% 2% 
27 14% 13% 17% 92% 57% 59 32% 44% 17% 100% 0% 0% 2% 1% 
28 13% 13% 18% 92% 57% 59 33% 43% 17% 100% 0% 0% 2% 1% 
29 14% 13% 18% 92% 57% 59 33% 44% 17% 100% 0% 0% 2% 1% 
30 12% 9% 8% 89% 52% 59 20% 29% 8% 100% 0% 30% 2% 1% 
31 13% 10% 9% 89% 51% 59 23% 32% 9% 100% 0% 20% 2% 1% 
32 10% 11% 9% 90% 52% 59 23% 30% 9% 100% 0% 30% 2% 1% 
33 25% 18% 26% 96% 69% 59 46% 69% 26% 100% 0% 0% 2% 1% 
34 24% 18% 27% 96% 69% 59 46% 68% 27% 100% 0% 0% 2% 1% 
35 24% 18% 27% 96% 70% 59 46% 69% 27% 100% 0% 0% 2% 1% 
36 23% 16% 18% 95% 64% 59 37% 57% 18% 100% 0% 20% 2% 1% 
37 22% 17% 19% 95% 61% 59 39% 58% 19% 100% 0% 10% 2% 1% 
38 22% 17% 19% 95% 64% 59 39% 58% 19% 100% 0% 20% 2% 1% 
39 14% 18% 26% 96% 72% 59 45% 58% 26% 100% 0% 0% 2% 1% 
40 14% 17% 26% 96% 72% 59 45% 57% 26% 100% 0% 0% 2% 1% 
41 14% 17% 27% 96% 72% 59 46% 58% 27% 100% 0% 0% 2% 1% 
42 15% 12% 18% 95% 72% 59 33% 45% 18% 100% 0% 20% 2% 1% 
43 15% 13% 19% 95% 72% 59 35% 47% 19% 100% 0% 10% 2% 1% 
44 13% 14% 19% 95% 72% 59 36% 46% 19% 100% 10% 20% 2% 1% 
45 16% 18% 20% 95% 72% 59 40% 53% 20% 100% 0% 0% 2% 1% 
46 14% 17% 21% 95% 72% 59 40% 52% 21% 100% 0% 0% 2% 1% 
47 14% 18% 21% 95% 72% 59 41% 53% 21% 100% 0% 0% 2% 1% 
48 14% 11% 12% 93% 71% 59 26% 37% 12% 100% 0% 30% 2% 1% 
49 14% 12% 13% 93% 70% 59 29% 39% 13% 100% 0% 20% 2% 1% 
50 12% 13% 13% 94% 71% 59 29% 38% 13% 100% 10% 30% 2% 1% 
51 31% 9% 0% 85% 40% 25 9% 40% 0% 100% 30% 100% 2% 2% 
  
Operating Policy Analysis 
Table 17: Operating Policy Summary 
Run Number Policy Name Management Action Trigger Level 
1 
Standard 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 3 
Level 2 
2 
Summer Pumping 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 3 
Every June - September 
3 
Summer Pumping, 
No Curtailments 
Susquehanna Pumping Every June - September 
4 
Below 75% 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 3 
When total storage drops 
below 75% 
5 
Below 75%, No 
Curtailments 
Susquehanna Pumping 
When total storage drops 
below 75% 
6 
Early Pumping 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 3 
Level 1 
7 
Early Pumping, 
No Curtailments 
Susquehanna Pumping Level 1 
8 Early 
Curtailments, No 
Pumping 
Voluntary Curtailment 
Mandatory Curtailment 
Level 1 
Level 2 
9 
Conowingo 
Demand Relief 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 3 
Levels 1 and 2 only 
10 Conowingo 
Demand Relief, 
Alternate 
Voluntary Curtailment 
Mandatory Curtailment 
Susquehanna Pumping 
Level 1 
Level 2 
Levels 1 and 2 only 
 
 
  
 
Table 18: Operating Policy Analysis Results  
Run 
Number 
Watch 
Frequency 
Warning 
Frequency 
Emergency 
Frequency 
Average 
Storage 
Minimum 
Storage 
Maximum 
Shortage 
Total 
Error 
Frequency 
1 40% 8% 0% 87% 44% 51 2% 
2 42% 10% 1% 85% 43% 58 2% 
3 42% 9% 3% 84% 37% 37 2% 
4 23% 5% 0% 93% 60% 25 2% 
5 25% 5% 0% 92% 54% 0 2% 
6 42% 7% 5% 84% 32% 0 2% 
7 39% 9% 4% 85% 31% 59 2% 
8 34% 17% 8% 80% 22% 0 2% 
9 24% 7% 1% 91% 39% 59 2% 
10 28% 2% 9% 88% 21% 0 2% 
11 39% 5% 0% 90% 57% 25 2% 
12 42% 5% 0% 88% 55% 25 2% 
13 42% 5% 0% 87% 49% 0 2% 
14 40% 3% 9% 84% 18% 136 2% 
15 39% 9% 4% 85% 32% 59 2% 
16 40% 8% 3% 85% 36% 59 2% 
17 34% 16% 11% 77% 3% 146 2% 
 
 
 
 
 
 
  
Table 19: Operating Policy Analysis Results Cont. 
Run 
Number 
Pumping 
Frequency 
Total 
Curtailment 
Frequency 
Mandatory 
Curtailment 
Frequency 
Reliability 
(No 
Curtailments) 
Reliability 
(All 
Curtailments) 
Reliability 
(Mandatory 
Curtailments) 
1 9% 49% 0% 100% 0% 90% 
2 13% 11% 1% 100% 60% 90% 
3 13% 3% 1% 100% 90% 90% 
4 32% 28% 0% 100% 10% 100% 
5 34% 0% 0% 100% 100% 100% 
6 14% 0% 0% 100% 100% 100% 
7 4% 51% 3% 100% 0% 90% 
8 8% 0% 0% 100% 100% 100% 
9 34% 33% 1% 100% 0% 90% 
10 34% 0% 0% 100% 100% 100% 
11 14% 44% 0% 100% 10% 100% 
12 17% 5% 0% 100% 90% 100% 
13 18% 0% 0% 100% 100% 100% 
14 0% 52% 12% 90% 0% 70% 
15 4% 51% 3% 100% 0% 90% 
16 3% 50% 11% 100% 0% 70% 
17 0% 0% 0% 90% 90% 90% 
 
 
 
 
 
 
 
